Introduction: The aim of this study was to (1) replicate previous associations between six blood lipids and Alzheimer's disease (AD) (Proitsi et al 2015) and (2) identify novel associations between lipids, clinical AD diagnosis, disease progression and brain atrophy (left/right hippocampus/entorhinal cortex).
Introduction
Alzheimer's disease (AD) is a devastating illness and one of the major public health challenges of the 21st century. The lack of effective treatments and early diagnosis highlights the importance of the identification of noninvasive biomarkers, for early diagnosis and disease progression. Blood metabolites have recently emerged as promising AD biomarkers [1] [2] [3] [4] . They are small molecules which could theoretically cross the already compromised AD blood-brain barrier [5] ; they are easily accessible, and they represent an essential aspect of the phenotype of an organism and a molecular "fingerprint" of disease progression [6, 7] . They can therefore aid early diagnosis, recruitment into trials and may help identify new therapeutic targets.
A number of blood metabolomic studies have highlighted the role of lipid compounds, such as phosphatidylcholines (PCs) in AD [1] [2] [3] [4] . We previously identified three PCs that were diminished in mild cognitive impairment (MCI) individuals and AD patients [4] and were further associated with poorer memory performance and decreased brain function during aging [8] . We further performed lipidomics analysis and identified 10 metabolites that predicted AD in an unseen test data set with 79% accuracy [9] ; six analytes were putatively identified as cholesteryl esters (ChoEs), molecules related to PCs, and were reduced in MCI and AD.
Here, we performed lipidomics analysis in a sample of 142 AD patients and 135 healthy controls aiming to (1) replicate our previous associations [9] and (2) discover new lipids and combinations of lipids associated with clinical AD diagnosis and AD endophenotypes, such as the rate of cognitive decline and brain atrophy measures. This is to our knowledge the most comprehensive blood lipidomics study to date to identify lipid signatures associated with AD and AD endophenotypes, improving our current knowledge of molecules associated with AD.
Methods

Patient sample collection
This study used 148 AD patients and 152 controls from the Dementia Case Register at King's College London and the EU-funded AddNeuroMed study [10] . All individuals with AD patients met criteria for either probable (NINCDS-ADRDA, DSM-IV) or definite (CERAD) AD. All nonpopulation individuals who were controls were screened for dementia using the MMSE or ADAS-cog or were determined to be free from dementia at neuropathologic examination or had a Braak score 2.5. Diagnosis was confirmed by pathologic examination for a proportion of cases and cognitively normal elderly controls. All AD cases had an age of onset 60 years, and controls were 60 years at examination. A total of 102 AD cases and 104 controls had HDL-c, LDL-c, TC, and TG serum levels (mmol/L) available. Nonoverlapping individuals from these cohorts have been previously reported [9] . Each individual was required to fast for 2 hours before sample collection, and 10 mL of blood was collected in tubes coated with sodium ethylenediaminetetraacetic acid to prevent clotting. Whole blood was centrifuged at 2000 g for 10 minutes at 4 C to separate plasma, which was removed and stored at 280 C. All samples were centrifuged within approximately 2 hours of collection.
Lipidomics
Sample treatment has been described elsewhere [4, 9, 11] and is explained in detail in Supplementary Methods 1. Briefly, 20 mL of plasma was added to a glass HPLC vial containing a 400-ml glass insert (Chromacol, UK). Ten microliters of high purity water and 40 mL of MS grade methanol were added to each sample, followed by a 2-minute vortex mix to precipitate proteins; 200 mL of Methyl tertButyl Ether (MTBE) containing 10 mg/mL of internal standard Tripentadecanoin (TG45:0) was added, and the samples were mixed via vortex at room temperature for 1 hour. After addition of 50 mL of high purity water, a final sample mixing was performed before centrifugation at 3000 g for 10 minutes. The upper, lipid-containing, MTBE phase was then injected onto the LC-MS system directly from the vial by adjustment of the instrument needle height (17.5 mm from bottom).
Lipidomics was performed by a Waters ACQUITY UPLC and XEVO QTOF system. The method has previously been published [4, 12] and has been shown to quantitate .4500 metabolite species (Supplementary Methods 1). Samples were analyzed in a randomized order, in four batches, with pooled plasma sampled (QC) at regular intervals throughout the run (n 5 30 for both positive and negative ionization). Features were extracted from netCDF files using the R package "XCMS" [13] which performed filtration, peak identification, matching of peaks across samples, and retention time correction. Positive and negative ionization mode data were extracted separately and quantile normalized.
Structural magnetic resonance imaging
Volumes of whole brain and the hippocampi and entorhinal cortices were obtained using FreeSurfer 5.1.0 from 123 subjects (53 AD patients and 70 Controls) who had undergone sMRI. Regions were normalized by intracranial volume [14] . The volumetric data were not used to aid in the clinical diagnosis of AD. Detailed information regarding data acquisition, pre-processing, and quality control assessment has been described elsewhere [15, 16] . Before analyses, sMRI measures were standardized to have a mean of 0 and a standard deviation (SD) of 1.
Calculation of rate of cognitive decline
The ROD was available for 118 AD patients with analyte data and has been described elsewhere [17] . The ROD was based on longitudinal mini mental state examination (MMSE) assessments [18] , and only samples with at least three MMSE measures were included in the calculation using linear mixed effect models. After covariate adjustment [17] , the slope coefficient for each sample was used as the ROD defined as the change in MMSE per day.
Statistical analysis
Quality control
Data QC has been previously described [9] and included filtering of features and individuals, data transformation, batch effect correction, outlier detection, and imputation (Supplementary Methods 2.1 and Supplementary Fig. 1 ). All analyses took place in R.3.01.
Single-analyte statistical analysis
Logistic regression investigated the association of each metabolite with clinical AD diagnosis and linear regression the association with cognitive decline and sMRI measures. Logistic regression and linear regression models for the sMRI measures were adjusted for age at sampling, gender, presence of the apolipoprotein E (APOE) ε4 allele, batch, and study site. For the ROD models, covariate adjustment was only applied for batch as the rest of the covariates were included in the ROD calculation [17] . sMRI measurements were not adjusted for diagnosis to allow identification of features associated with brain atrophy caused by AD. False discovery rate (FDR) correction (0.05) was applied to correct for multiple testing ("fdrtool"). Secondary models investigated whether any associations were modified by the APOE ε4 allele or by gender.
Logistic regression results (summary statistics) for the positive ionization metabolites were combined with the results (summary statistics) from the Proitsi et al data set [9] using inverse variance weighted fixed effect meta-analysis ("metafor"). The published data set [9] was restricted to 576 features extracted using Mass-Lynx, and therefore, the analysis presented here includes a large number of previously unreported molecules extracted using XCMS. All associations are reported as the change per one metabolite standard deviation (SD).
Multivariate statistical analysis
A random forest (RF) classifier approach (using "rf" and "rfe" in "CARET") was used to develop a clinical diagnosis classifier as previously described [9] (Supplementary Methods 2.2). Briefly, AD cases and controls were divided into a training data set (2/3 of the sample) matched for age, gender, and site and an independent data set (rest 1/3 of the sample). An RF model was built on the training data set (100 bootstraps), and in each iteration, each variable was assigned a variable importance (VI) score. The summed VI ranks provided an indication of the predictive power for each variable, and the top 10% molecules were selected for RF with recursive feature elimination (rfe; 100 bootstraps) from 250 down to two features. For each subset of predictors, the mean bootstrap testing performance was calculated, and the optimal number of variables was identified using "sizeTolerance" that picks a subset of variables that is small without sacrificing too much performance. Subsets of variables within 2.5% and 5% of the optimum performance were examined and used to build final models in the complete training data, which were tested on the test set. The final model was also tested in the Proitsi et al data set [9] which was used as a validation data set, after excluding metabolites in the negative ionization mode. The area under curve (AUC) was used to test the performance of each classifier. Receiver operator curves (ROCs) Abbreviations: AD, Alzheimer's disease; MMSE, mini-mental state examination score; ROD, rate of cognitive decline; SD, standard deviation. *Differences in the means/frequencies of clinical/demographic variables were tested using t test t(df), x2(df) test, or linear regression analyses after adjusting for age, gender, the APOE ε4 allele, and study site. were plotted using "ROCR". Models including APOE ε4 and the six features in Proitsi et al [9] were also tested.
Random forest regression (RFR) models were built for cognitive decline and sMRI measures following the same strategy as for clinical diagnosis. The data set was split randomly into a training (2/3 of the data) and test set (1/3 of the data) for each endophenotype such that the training and test data sets were stratified for each endophenotype and contained equal representation of each site. Age, gender, and APOE ε4 presence were included in the model development for the sMRI models, and the root mean squared error (RMSE) was used to evaluate the performance of the models.
Results
A total of 2539 positive ionization and 358 negative ionization features were initially extracted from 300 individuals. After QC, 2216 positive and 289 negative ionization features from 277 individuals (142 AD cases and 135 controls) were used in subsequent analyses. Of these, 53 AD patients and 70 controls had sMRI data available, and 118 AD patients had ROD data available. Sample demographics are displayed in Table 1 .
Univariate analyses results
Logistic regression analyses were initially used to investigate the association of each lipid with AD. We then performed fixed-effects meta-analyses between the results of this data set and our previously published data set [9] , using fixed-effects meta-analyses. Briefly, 425 features were associated with AD at P value ,.05 in this data set; of these, 87 features passed correction for multiple testing at Q value ,0.05. After meta-analysis, 377 features were associated with AD at P value ,.05 and 125 at Q value,0.05. All six features from Proitsi et al [9] were associated with AD at Q value ,0.05 in meta-analysis ( Fig. 1  (A-F) and Table 2 ).
Linear regression investigated the association of each lipid with brain atrophy and the rate of cognitive decline. A total of 266 features were associated with the ROD at P value ,.05, but none passed multiple testing correction. A total of 181 features were associated with right hippocampus volume and 224 were associated with left hippocampus volume; only six features were associated with left hippocampus at Q value ,0.05. Finally, 156 and 124 features were associated with EC volume (left and right, respectively) at P value ,.05, but no associations passed correction for multiple testing. Results for all logistic and linear regression analyses are provided in Supplementary Table 1 .
Overall, most lipids were reduced in AD compared to controls (54 of the 87 features associated at Q-value ,0.05 were reduced in AD). Additionally, we observed substantial overlap between features associated with clinical AD diagnosis and brain atrophy ( Supplementary Fig. 2 ).
We further investigated whether the APOE ε4 and gender modified the associations between lipids and clinical AD diagnosis. APOE ε4 modified the association of 231 features with AD, and gender modified the association of 191 features with AD (P value ,.05); none of these associations was significant at Q-value , 0.05. There were only 3 individuals with the ε2/ε4 genotype, and there were therefore no differences in lipids levels between ε4 and non-ε4 carriers after excluding ε2/ε4 individuals.
Multivariate analysis results
A RF approach was used to identify a panel of molecules associated with clinical AD diagnosis. After an initial RF preselection step on the training data set, the top 10% lipids (250 features), in terms of their variable importance, were selected (after 100 Bootstraps). Furthermore, random forest with recursive feature elimination (RF-rfe) on the training data set showed that the best training performance was for a model with 240 features. To choose a model with high accuracy while reducing the number of features as low as possible, a 5% tolerance RF-rfe model (25 features) was fitted on the whole training data set (AUC, 0.87) and classified the test data set with 73% accuracy (Supplementary Fig. 3 and Table 3 ). The model was then fitted on the training data set, excluding one negative ionization mode analyte and classified the test training data set with 74% accuracy and the Proitsi et al [9] validation data set with 71% accuracy. There was no increase in accuracy when covariates and the features from Proitsi et al [9] were added to the models (Table 3) .
Random forest regressions using the same pipeline were applied to the ROD and brain atrophy measures. After RFR-rfe on the training data set, the lowest mean RMSE for ROD was for a model with 40 features. The 5% tolerance model of the lowest RMSE model (10 features) was fitted to the whole training data set (R 2 5 0.49) and predicted the test data set with R 2 5 0.10 (Table 4) . For right hippocampus, the lowest RMSE was with a model with 70 features that included age. A 5% tolerance model (12 features) was fitted to the training data set (R 2 5 0.55) and predicted the test data set with R 2 5 0.15 (Table 3) . For left hippocampus, the lowest training RMSE was with 100 features that also included age. The 5% tolerance model (12 features) was fitted to the training data set (R 2 5 0.59) and predicted the test data set with R 2 5 0.15 (Table 3 ). The performance of the models was almost identical when age was excluded.
For the right EC, the lowest mean training RMSE was with 70 features; a 5% tolerance model (12 features) was fitted to the training data set (R 2 5 0.54) and predicted the test data set with R 2 5 0.14. Finally, for left EC, a model with 90 features had the lowest RMSE, and a 5% tolerance model (12 features) was fitted to the training data set (R 2 5 0.42) and predicted the test data set with R 2 5 0.01 (Table 3) . Results of all 2.5% models are presented in Supplementary Tables 2 and 3 , and the list of molecules included in each classifier is found in Supplementary  Table 1 . The strength of association between selected features and each model is shown in Fig. 2 , and the scaled VI of each lipid after RF-RFE/RFR-RFE for each phenotype is shown in Supplementary Fig. 4. 
Lipid annotation and putative identification
We opted to annotate the top features, in terms of VI from each model and features selected in more than one model, using our in-house lipid database and MS/MS fragmentation patterns [4, 11, 12] . These features were annotated as mainly long-chain triglycerides (LCTs) and ChoEs, some were PCs and a sterol. Fig. 1 (G-M) and Table 2 present the univariate associations of these molecules with the respective phenotypes. The association of the annotated molecules with all phenotypes is shown in Supplementary Fig. 5 . The raw intensity counts for each AD associated lipid across AD and controls, along with the coefficients of variation (relative standard deviation [RSD]) of the pooled samples (QCs) are shown in Supplementary Table 4 . 
Discussion
This is to our knowledge, the largest nontargeted blood lipidomics study in AD to date. Here, we expanded our recent work [9] , and using univariate and multivariate approaches, we replicated the associations between six previously reported blood lipids and AD [9] and reported their association with brain atrophy. We further identified combinations of lipids that classified AD patients with relatively good accuracy when tested in both a test and a validation data set (.70%), and combinations of molecules that predicted changes in disease progression (R 2 5 0.10 for test data set) and brain atrophy (R 2 0.14 for all test data sets except for left EC). Overall, we observed substantial overlap between features associated with clinical AD diagnosis and brain atrophy. The associations of all molecules included in each model with all phenotypes is shown in Fig. 2 . Although these signatures cannot be used for diagnostic purposes yet, they suggest important biological mechanisms associated with AD.
Identification and role of lipids in AD
We putatively identified two PC molecules; additionally, ChoEs and triglycerides (TGs) were tentatively annotated due to chromatographic coelution, and finally, we putatively annotated a molecule as a sterol. The higher MS-MS sensitivity achieved here enabled the detection of a number of additional lipids that co-eluted with ChoE; these were annotated as TGs ( Table 2) .
The association of PCs with AD and cognition has been extensively described [4, 8] . Here, one of the molecules most strongly associated with AD is a putative PC (PC 40:4), and the top lipid in the ROD model is also a putative PC (PC 36:3) . In contrast to the same species of molecules, we have previously identified, both PCs are increased in AD, and PC 36:3 is associated with faster ROD. Although most studies to date have reported a reduction of PC levels in AD, an increase in CSF PCs has been observed in AD compared to control brains [19] and recently in "AD-like" patients based on their CSF Amyloid-beta42, Tau, and PhosphoTau-181 levels [20] . A recent study also reported a parallel increase of PCs containing saturated and short-chain fatty acids in serum from AD patients [21] . These suggest deregulation in the biosynthesis, turnover, and acyl chain remodeling of phospholipids, in accordance with increased phospholipid breakdown due to PLA2 [21] overactivation.
We have also reported associations with low-chain and very-low-chain triglycerides (LCTs/VLCTs; fatty acid chain length .16 carbons). One of the most interesting findings was that due to the higher MS-MS sensitivity achieved in this study, we were able to observe putative VLCTs that were coeluting with ChoEs (Table 2) . We have previously reported on the synthesis of ChoEs [9] ; briefly, it takes place by transfer of fatty acids from PC to cholesterol, a reaction catalyzed by lecithin cholesterol acyl transferase in plasma and by acyl-coenzyme A: cholesterol acyl transferase 1 and 2 (ACAT1 and ACAT2) in other tissues, including the brain. The association of LCTs/ VLCTs with AD is noteworthy. Although overall TGs are seen as risk factors for many disorders including cardiovascular disease (CVD) and type 2 diabetes (T2D), numerous investigations point to the diverse role of TGs with different chain lengths. It is known for example that medium-chain triglycerides (MCTs) and LCTs have different metabolic pathways in digestion and absorption [22] . Moreover, although LCTs of lower carbon number and double bond content have been associated with increased CVD [23] and T2D risk [24] , LCTs with higher carbon number and double bond content, like the ones here, have been associated with decreased risk of T2D [24] , whereas no associations between T2D and total triglyceride levels were observed in the same individuals [24] . Furthermore, decreased concentration of LCTs and an increased concentration of VLCTs have been associated with longevity [25] . These findings are particularly interesting as most vegetable oils are comprised of long-chain fatty acids; however, only MTCs have to our knowledge been implicated in AD, although findings are controversial [26] . When we previously investigated the association of total cholesterol and TGs with AD in overlapping individuals using Mendelian randomization, we found no evidence for an association with AD [27] . Additionally, we observed no difference in serum triglycerides, total cholesterol, LDL cholesterol, and HDL cholesterol between AD patients and controls for a random subset of study participants in this study (AD 5 102, controls 5 106) that had serum lipid measures available for the same visit, as well as no difference in the Abbreviations: RMSE, root mean squared error; ROD, rate of cognitive decline.
*Age, sex, ε4.
y Age was included in the final model. There was no difference in either train or test data set performance when age was excluded. frequency of AD patients and controls who were taking statins. On the other hand, a recent study reported an overlap between genes involved in elevated plasma lipid levels and inflammation and the risk for AD [28] . All these highlight the relevance of investigating smaller lipid fractions as they highlight specific steps in their biosynthesis and metabolism that may be associated with AD.
Finally, we observed an association between most phenotypes and a feature of m/z 367. We previously described a molecule with the same mass and similar retention time to ** * * * ** *** ** *** * * * ** ** *** ** ** *** ** *** * * * *** * ** * * * ** *** **** *** *** *** *** *** **** **** *** *** ** * * ** *** *** *** *** ** ** ** *** * * * ** * ** *** *** *** *** *** * *** ** *** ** * *** **** ** * * ** ***** ***** ***** ***** ***** ***** ***** ***** ** ***** ***** ***** ***** * *** ** *** ** ***** ***** ***** ** * ***** ***** ***** * A D -C T L M e ta -a n a ly s is
web 4C=FPO web 4C=FPO Fig. 2 . Heatmap of the univariate associations between features selected during random forest analyses for each phenotype. The color of each box represents the univariate logistic regression beta coefficient (log[OR]) for clinical diagnosis or the univariate scaled linear regression beta coefficients for the rate of cognitive decline and brain atrophy, after adjusting for covariates. The stars on each box represent the strength of the association: *P value ,.05; **P value ,.01; ***P value ,.001; ****P value ,.0001; *****P value ,.00001. The order of the metabolite molecules on the y-axis is based on a hierarchical clustering using the metabolites pairwise correlations. XN denotes negative ionization mode feature. Abbreviations: AD-CTL, Clinical AD diagnosis; ROD, rate of cognitive decline; HIP_L, left hippocampus; HIP_R, right hippocampus; ERC_L, left entorhinal cortex; ERC_R, right entorhinal cortex.
be reduced in AD [9] . The molecule discovered here was associated with an increased risk for AD in both data sets and with reduced brain volume and was included in the ERC and clinical diagnosis models. We believe this feature is a fragment and a sterol, specifically an isomer of desmosterol. Desmosterol is a precursor of cholesterol and seladin (DHCR24), which governs the metabolism of desmosterol to cholesterol in specific brain areas. Desmosterol has been shown to inhibit b-secretase cleavage of APP, and the formation of amyloid-b and lower desmosterol levels has been found in the plasma and brains of AD patients compared to controls [29] [30] [31] [32] .
Although the association of aberrant lipid metabolism in AD pathogenesis is undisputed [33] [34] [35] ; at this stage, the mechanisms by which these changes in lipids might occur in AD are unclear. One possibility involves AD selective alterations to circulating lipid metabolism. However, another possibility relates to cellular lipid production. A number of phospholipids are synthesized within a specialized region of the endoplasmic reticulum (ER) that is closely associated with mitochondria, the mitochondriaassociated ER membranes (MAM). The close association of MAM to mitochondria facilitates Ca 21 and phospholipid exchange between the two organelles [36] [37] [38] . Recent studies have shown that MAM contacts are damaged in AD [39] [40] [41] [42] . Because ER-mitochondria contacts are required for the synthesis of certain lipids [36] [37] [38] , such changes may affect lipid metabolism and lead to some of the changes described here. Indeed, different APOE alleles have been shown to influence MAM [43] .
Strengths and limitations
Here, we have used a large well-characterized AD cohort and a careful and systematic analysis pipeline. Through bootstrapping, we have reduced over-fitting, and subsequently, we validated our results in an unseen data set for each phenotype and an additional validation data set for clinical AD diagnosis. Our AD diagnostic classifier achieved 88% accuracy on the training data set (summary of 100 bootstraps) and predicted the test and validation data sets with .70% accuracy. Our training data set comprised of individuals matched on age and gender. On the other hand, the test data set consisted primarily by females, and AD patients were significantly older than controls. Additionally, the validation data set [9] included AD patients and controls of UK origin only, older than the individuals of the current data set. These findings highlight robustness in the model. For the AD endophenotypes, the Random Forest Regression models had a very good performance on all training data sets. Although the performance dropped significantly in the test data sets, we observed R 2 . 0.10 for all phenotypes except for Left EC (R 25 0.01). The drop in performance can be attributed to over-fitting of the training data sets and the smaller number of individuals with ROD/brain atrophy measures. The poor performance of the Left EC is in agreement with our univariate analyses that highlighted weaker associations with the EC for the whole sample; however, it is in contrast to the overall right-to-left asymmetry in AD [17] .
A limitation of this study is that we were not able to decipher the exact fatty acid chain structure of some features. Owing to the higher MS-MS sensitivity, we observed a number of putative ChoEs and TGs co-eluting, which is commonly observed in lipidomics studies due to hundreds of lipids detected in one analysis; to minimize co-elution problems, our chromatographic run is 2 hours long using ultra pressure chromatography [11, 44] .
Additionally, although this is the largest AD lipidomics study to date, we acknowledge that the sample size is still modest and further replication is required, especially for the ROD and brain atrophy phenotypes. Moreover, although we had information on the ROD, this calculation was based on the MMSE, which is a crude measure of measurement of cognition. Furthermore, the present study did not contain an MCI cohort or information on conversion to MCI/AD, and therefore, we do not know whether these features are associated with initiation of AD. This study additionally suffers from limitations inherent to AD case-control studies, such as the large number of comorbidities in old age, the possibility that some of the elderly controls may already carry pathology, and that some of the clinically diagnosed AD may be pathologically non-AD dementias. Finally, this study lacks information on BMI and body fat distribution that could potentially explain some of the differences between AD patients and controls.
However, through the longitudinal nature of these cohorts, we know that all the AD patients used for our analysis maintained the diagnosis of AD as did all controls for at least 3 years from their baseline visit. Additionally, our information on disease progression and brain atrophy provide us with more precise phenotypes that capture different stages of disease pathology including the early preclinical stages. Given the good performance of these models, we believe that enrichment with additional individuals and pathology information would increase their performance. Finally, although we did not have BMI information for our cohort, we observed no difference in statin use or serum lipids between AD cases and controls.
Conclusion
In conclusion, the findings of this study deepen our knowledge of AD disease mechanisms and emphasize the importance of investigating in detail different lipid fractions in dementia research. As it is not known whether the observed changes in lipid levels are causally related to or are just a marker of changes in lipoprotein dynamics and composition, studies that address causality are essential, as the success of targeting specific molecules and identifying potentially causal pathways amenable to intervention is predicated on these molecules being on the causal pathway. Finally, integrating additional types of biological modalities such as protein, gene expression, and genotype information may increase the fit of these models and help us to understand more about the biological context in which these molecules operate.
